Introduction
Chronic kidney disease (CKD) is a complex continuum of structural and functional changes that progress from kidney health to terminal kidney failure. CKD is stratified into 5 stages based on the presence of kidney damage and/or decreased kidney function, typically measured by decreased glomerular filtration rate (GFR) for 3 months or more [1] . Stages 1 and 2 define conditions of kidney damage in the presence of a GFR of at least 90 ml/min/1.73 m 2 or 60 to 89 ml/ min/1.73 m 2 , respectively, and stages 3A, 3B, 4 and 5 define conditions of moderately and severely reduced GFR irrespective of markers of kidney damage. Early stages of the disease could be reversible, but they are often asymptomatic and usually only detected during the assessment of comorbid disorders, for example, diabetes mellitus [2] . The development of CKD usually occurs over decades but in some patients can be fast. In this case, end stage kidney disease (ESKD), needing dialysis or kidney transplantation for patient survival, could develop within several months [3] . The prevalence of CKD continues to increase and is estimated to be 8-16% of populations worldwide [4, 5] . Early identification of patients with kidney disease is needed, as measures may be instituted to slow progression of the disease and improve quality of life.
Abstract
Chronic kidney disease (CKD) is a significant and costly public health problem with increasing prevalence in most societies and the need for improved diagnosis. The aim of this study was to demonstrate how it is possible to decipher a combination of markers from a compendium of differentially-expressed proteins using available statistical tools when more than two study groups are involved. Screening for potential urinary biomarker profile stratifying early and later stages of CKD were performed. Sixteen patients with defined CKD staging were selected and compared with ten healthy individuals. Urinary proteins were quantified using theiTRAQ method and analysed with ProteinPilot, GenEx and Meta Core software. Four proteins (out of 194) (apolipoprotein D; protein AMBP; zinc-alpha-2-glycoprotein; and kininogen 1) were identified as critical for CKD stage separation. In conclusion, this preliminary work provides evidence that several unique urinary proteins are involved in early and later stages of CKD and suggests that a selected combination of biomarkers could be used to profile patients into different CKD stages. Further validation studies are now needed.
The diagnosis of CKD is typically made on the basis of increased serum creatinine or urinary protein. However, the use of serum creatinine as an indirect GFR and CKD marker is limited. There is considerable individual variability and poor assay specificity affecting creatinine measurement. Confounding contributors are co-morbid non-renal illnesses, medications and nutrition. The estimation of GFR by serum creatinine also differs between healthy people and patients with CKD because of differences in the estimation of GFR range and creatinine production, with a risk of overestimating GFR in the CKD population [6] . Thus proteinuria, or more specifically albuminuria, is used as the earliest marker of kidney damage in patients with diabetes, hypertension and glomerular diseases [7] . However, the importance of albuminuria has been questioned because there have been several reports describing the development of CKD in patients with diabetes despite the absence of albuminuria [8] . It is clear that new and reliable biomarkers or biomarker-based models are needed for the clinical management of CKD.
Use of urine possesses several advantages for new biomarker discovery. The first is that urine may be obtained non-invasively, and in larger volumes compared with plasma. The larger volumes of urine compensate for the lower concentration of proteins and peptides in urine compared with plasma [9] . Secondly, the urinary proteome is a filtrate of the serum proteins, but also contains proteins arising from the shed cells of the kidney and urogenital tract, from tubular secretion and secreted exosomes [10] . Various techniques have been filters (Merck Millipore Pty Ltd) to implement filter-aided sample preparation (FASP) at room temperature [15] . Protein solutions were reduced by dithiothreitol in UA (DTT reduction solution), centrifuged, then washed with UA and centrifuged again. Protein solutions were alkylated in the dark with iodoacetamide in UA for 30 min. 100 µl DTT reduction solution were added to remove the excess alkylation reagent, followed by centrifugation and washing in UA, thenwashing in 50 mM ammonium bicarbonate pH 8.0 (ABC) and centrifugation. Following routine methods, peptides were collected, lyophilised and resuspended in 40 µl of 1% formic acid in HPLC graded water.
Label free proteomics
The urine protein tryptic digest samples were analyzed by NanoLC-MS/MS on a Shimadzu Prominance Nano HPLC (Japan) coupled to a Triple TOF 5600 mass spectrometer (AB SCIEX, Canada) equipped with a Nano electrospray ion source. 6 µl of each extract was injected onto a 50 mm x 300 µm C18 trap column (Agilent Technologies, Melbourne, Australia) at 30 µl/min. The samples were de-salted on the trap column for 5 min using 0.1 % formic acid at 30 µl/min. The trap column was then placed in-line with the analytical nano HPLC column, a 150 mm x 75 µm 300SBC18, 3.5 µm (Agilent Technologies, Australia) for mass spectrometry analysis. Linear gradients of 2-40% solvent B over 165 min at 300 nl/min flow rate, followed by a steeper gradient from 40% to 80% solvent B in 15 min were used for peptide elution. Solvent B was held at 80% for 5 min for washing the column and returned to 2% solvent B for equilibration prior to the next sample injection. Solvent A consisted of 0.1% formic acid and solvent B contained 90/10 acetonitrile/0.1 % formic acid. The ion spray voltage was set to 2400 V, declustering potential (DP) 100 V, curtain gas flow 25, nebuliser gas 1 (GS1) 12 and interface heater at 150 °C. The mass spectrometer acquired 100 ms full scan TOF-MS data followed by 20 and by 50 ms full scan product ion data in an information dependant acquisition (IDA) mode. Full scan TOF MS data were acquired over the mass range 300-1400 and for product ion MS/MS 80-1400. Ions observed in the TOF-MS scan exceeding a threshold of 150 counts and a charge state of +2 to +5 were set to trigger the acquisition of product ion, MS/MS spectra of the resultant 20 most intense ions.
iTRAQ labelling and quantitative proteomics
Tryptic peptides (10 μg) were amine labelled with iTRAQ reagents 113, 114, 115, 116, 117, 118, 119 according to the manufacturer's instruction (AB SCIEX). After the labelling reaction, the seven samples were pooled and salts plus excess iTRAQ reagents removed using SCX chromatography according to the manufacturer's instruction (AB SCIEX). The SCX peptide fraction was vacuum centrifuged to dryness. The samples were reconstituted in 30 µl of 1% formic acid (aq) for subsequent Nano LC-MS/MS analysis. The chromatographic plus mass spectrometric conditions were as for the label-free experiment except that the MS/MS product ion experiment scans were enhanced between m/z 112 and m/z 125 to obtain improved sensitivity of the iTRAQ label quantitative ions.
Database search and iTRAQ quantification
Proteins were identified by database searching using Protein Pilot v4.5 (AB SCIEX) against the UniProt_Sprot_20130205 database (Approx 106,000 entries searched, false discovery rate/FDR of 1%). Search parameters were defined as a thorough search using trypsin digestion enzyme iodoacetamide plus other cysteine alkylation and all entries in the database. Proteins were considered positive if there were 2 or above peptides identified with a 95% confidence and a 1% global FDR. Proteins identified by the unlabelled approach, with their characteristic functions, are listed in Supplementary Material 2, and proteins identified used so far in order to reflect a healthy renal physiology [11] that may be distinguished from pathophysiological state caused by defined disease, using differentially expressed proteins or peptides [12] . In most of the large-scaled studies, capillary electrophoresis-coupled mass spectrometry analysis (CE-MS) has been employed for the identification of new biomarkers for CKD [11] .
In the present study, a state-of-the-art hybrid quadrupole timeoff flight (TOF) TripleTOF 5600 MS system (AB SCIEX, Mt Waverley, Australia) was employed. This instrument is able to analyse complex samples in great depth, and allow the whole proteome to be explored without the need of enriching low abundance proteins or removing high abundance proteins [13] . Our aim was to screen the differentiallyexpressed proteins in different defined stages of CKD and identify potential new diagnostic biomarkers for improving early classification of CKD. Using isobaric tags for relative and absolute quantitation (iTRAQ) labelling coupled with LC-MS/MS quantitative analysis, 8 proteins were identified that could discriminate healthy controls from early and later stages of CKD.
Materials and Methods

Sample collection
This work had ethics approval from the Princess Alexandra Hospital Human Research Ethics Committee and the University of Queensland. All samples were obtained with informed consent. Urine samples from CKD patients were collected at the Princess Alexandra Hospital (Brisbane, Australia) between 2011 and 2013. Urine specimens for proteomic analysis were obtained during the course of regular clinical management. Control samples were collected at the Translational Research Institute (Brisbane, Australia) from healthy volunteers, the effect of age was not considered in this analysis [14] . All samples were mid-stream, second or third morning urine. Urine specimens were stored at 4°C before the transport to laboratories at the Translational Research Institute. Immediately upon arrival, urine was centrifuged at 4,000 RPM at 4°C for 10 minutes to remove debris material and cells, aliquoted and stored at -80°C until further processing.
Sample preparation
Urine creatinine and total protein concentration were measured for each sample in the Chemical Pathology Department at the Princess Alexandra Hospital (Brisbane, Australia) by the Jaffe method using a Beckman DxC800 general chemistry analyser (Beckman Coulter, USA). The ratio of creatinine: total protein was used to determine the volume of urine needed for each individual patient sample to contribute to the pool of each group of samples (cohorts). There were 7 cohorts based on CKD staging: healthy control males, CKD 3A males, CKD 3B males, CKD 4 males, healthy control females, CKD 3A females, CKD 3B + CKD 4 females. At least 3 samples, maximally 5 samples, were pooled for each cohort. Males and females were treated independently. All measured characteristics and clinical parameters for individual samples are described in Supplementary Material 1.
Urine was desalted and protein concentrated using 15 ml 10,000 NMVL Amicon filters (Merck Millipore Pty Ltd, Kilsyth, Australia) according to manufacturer's instructions. Ethanol protein precipitation was performed routinelyand the pellet left to dry at room temperature before it was solubilized in 8M urea in 0.1M Tris/HCl pH 8.5 (UA) and the concentration measured using a Quick Start Bradford Protein Assay (Bio-Rad Laboratories Pty Ltd, Gladesville, Australia). UA was used as diluent and gamma-globulin as a standard. The solutions of all cohorts were normalized for protein concentration of 1 mg and applied on the 0.5 ml 10,000 cut-off Microcon Centrifugal device by iTRAQ labelling with their characteristic functions are listed in Supplementary Material 3. Tryptic peptides (10 μg) were amine labelled with iTRAQ reagents 113, 114, 115, 116, 117, 118, 119.
Analysis of proteomic data
The basic statistics, as the expression ratios and uncorrected p value calculated for contributing peptide ratios within a single protein, were calculated using ProteinPilot v4.5 (AB SCIEX). The data from three iTRAQ measurements were checked for outliers (removed) and averaged. Principal component analysis (PCA), Kohonen selforganising maps (SOM) and hierarchical cluster analysis using the unweighted pair method and the Euclidean distance were calculated with autoscaled data using GenEx Enterprise software (Multi D Analyses AB, Sweden). The SOM of size 3 × 1 and 5 × 1, dividing the samples into 3 and 5 groups, respectively, were trained using GenEx with the following parameters: 0.1 learning rate, 3 neighbours and 5,000 iterations. The SOM analysis was repeated eight times with identical classification. The 6 proteins with differential expression and known protein codes, which were selected as biomarker candidates in CKD were subjected to a GO Database search and further analyses using Meta Core software (Gene Go, Inc., USA). The protein codes were not find for undescribed putative protein (Q8NEJ1) and E9KL23 that is why they were not included in the analysis. GO enrichment analysis wasperformed to identify GO terms and already associated diseases in differentially expressed proteins.
Results
Due to the pilot nature of this study and a need for lowering biological variation of individual samples and screening for prominent changes, pooled urine samples were used. As has been reported previously, significant differences in the urinary protein profiles can be found across individuals of the same group and the variation of the urinary protein across and within individuals seems to be inevitable [16] .
Proteins were firstly identified as described in methods by an unlabelled approach in control groups and CKD 3A groups. The number of the proteins shared between healthy controls and CKD 3A stages was similar in both male and female groups measured: 104 proteins in male group, 113 proteins in female group. However, when shared proteins were compared, 41 proteins out of 104 proteins (39.4%), were unique for male CKD 3A and 50 proteins out of 113 proteins (44.3%) were unique for female CKD 3A group only. The high percentage of proteins that are gender unique justifies our decision to separate male and female groups for biomarker identification in order to describe the biomarkers that would not be specific for one gender in pooled samples only.
Using the iTRAQ-labelled approach, three technical replicates were used for complementation of proteins. From all analysed technical replicates, 194 proteins were identified. 91 unique proteins (656 distinct peptides), 97 unique proteins (854 distinct peptides) and 111 unique proteins (1462 distinct peptides) were identified in set 1, set 2 and set 3, respectively. 30 proteins were found in all three sets. For biomarker identification, we selected proteins that were present at least twice in 3 technical replicate datasets: set 1+2+3, set 1+2, set 2+3 and set 1+3 (Figure 1) , and which were differentially expressed with fold change ratio ≥ 1.5 or ≤ 0.7 and p value <0.05. Uncorrected p value is calculated for contributing peptide ratios within a single protein. Table 1 proteins that were significantly differentially expressed at least twice in the same tested CKD stage when compared to controls. Note that the CKD 3B male group demonstrated dissimilar behaviour when compared to other groups.
To identify diagnostic biomarker candidates that would stratify healthy individuals from early (CKD 3A) and later or progressive stages of CKD (CKD 3B or CKD 4), different bioinformatics methods were applied. The multivariate data analysis method principal component analysis (PCA) was used to reduce the dimensionality of a data set, which consisted of 13 variables (differentially expressed proteins) and 5 different CKD groups in ratios with controls: male CKD 3A, CKD 3B and CKD 4 reported as ratios with the male controls; and female CKD 3A and CKD 3B4 reported as ratios with the female controls. All expression values (peptide ratios) were auto-scaled to remove the influence of both the expression level and the magnitudes of the changes and gave rise to classification based on the relative changes in expression. When all 13 differentially-expressed proteins were used for PCA analysis, the separation of the early and late CKD stages was not satisfactory (Figure 2A) . Thus, we further searched for the proteins responsible for separation of CKD groups by inspecting their loadings and by performing dynamic PCA in GenEx (MultiD). Figure 2B shows the best separation of groups with 8 proteins in 2-dimensional PCA: apolipoprotein D (APOD); basement membrane-specific heparansulfate proteoglycan core protein (HSPG2); CD59 antigen, complement regulatory protein, isoform CRA_b (CD59); epididymis secretory sperm binding protein Li 44a (E9KL23); kininogen 1; isoform CRA_a (KNG1); protein AMBP (AMBP); putative uncharacterized protein (Q8NEJ1); and zinc-alpha-2-glycoprotein (AZGP1). The first two principal components explained 80.5% variance in the data. The results from PCA were validated with two other methods using auto-scaled data. The first was hierarchical cluster analysis using the unweighted pair method and the Euclidean distance. The dendogram had the same main features as PCA ( Figure 2B ). Two main groups were identified; one formed from both male and female CKD3A stages, the second one consisting of the later male and female CKD stages 3B -4 in two sub clusters. The second method that helped to confirm the outcome from the PCA was Kohonen's self-organizing feature maps (SOM), which are based on a branch of mathematical techniques that do not require formal equations, but use rules to organise the data through a series of random events. The samples were divided with SOM into 3 groups or 5 groups based on their expression profiles ( Figure 2B ). One group consisted of male and female early stages CKD 3A, and the other two groups contained the male and female later stages. Dividing the samples into 5 groups with SOM revealed spatial separation of all 5 groups. SOM classification was fully reproducible -repeated independent classification predicted the same groups. Further analysis, using the same methods: 2-D PCA analysis (explaining 91.9% of variance), unsupervised clustering and SOM; revealed 4 final proteins that were critical for the described cluster separation, these being AMBP, APOD, AZGP1 and KNG1 ( Figure 2C ).
Protein codes were not available for E9KL23 and putative protein Q8NEJ1. Blast analysis of the obtained sequence of putative protein Q8NEJ1 ranked it among proteins from immunoglobulin superfamily (Supplementary Material 4) . The remaining six biomarker candidates were analysed using Meta Core software (Gene GO, Inc., Carlsbad, USA) to determine their molecular function, participation in biological processes and their known biomarker association to diseases. The results of the search are listed in Table 2 . We also performed pathway analysis on 6 dysregulated proteins. GeneGO analysis demonstrated that the selected biomarker candidates are involved in different pathways. KNG1 is involved in protein folding and maturation of bradykinin/kallidin and in blood coagulation, AMBP participates in cell adhesion of cell matrix glycoconjugates, CD59 is an inhibitor of complement system and plays role in immune response alternative complement pathway, and HSPG2 is involved in the Fc gamma receptor signalling pathway.
Discussion
A "proteomic biomarker" can be described as a specific peptide or protein that reflects normal or abnormal physiologic processes of a condition or disease. Similarly, a "biomarker profile" is defined as a combination of distinct proteomic biomarkers, using a clearly defined algorithm giving a readout parameter associated with the specific condition [17] . A combination of biomarkers is preferred, because a single biomarker of a disease would be always hampered with the problem of high variability, especially in urine, where biological reproducibility of the results within the individual during the day drops to 70% [12] . It is very unlikely that an "ideal biomarker", which should display unique characteristics (for example, presence/absence or signal intensity) in each sample from patients with a certain disease, does exist [18] . However, a combination of biomarkers could lead to generation of distinct diagnostic patterns. The biomarker pattern method would be more robust and specific [19] . The new, fast evolving high-throughput proteomic techniques enable us to screen the whole proteome of the sample and enable us to create such proteomic profiles.
In our pilot experiment using iTRAQ labelling of pooled samples from CKD patients in different stages, we employed the later approach to analyse differentially expressed proteins. We divided our tested groups not only to different CKD stages but also according to a gender, as it was described previously that gender can influence the protein profiles [20] . Multivariate data analysis methods PCA and SOM proved that our 8 final protein candidates or 4 critical final candidates (out of 13 significantly differentially expressed proteins) were able to distinguish well-separated groups based on their CKD stage. In addition, hierarchical cluster analysis resulted in two main distinct groups. One group brought together early stage CKD patients: both female and male CKD 3A groups that were normalized with appropriate gender controls. The second cluster contained the later CKD stages, which were possible to distinguish further. Of note, the expression of the CKD 3B group was very different when compared to the CKD 3A group, using data available for male groups (Table 2 ). This confirmed the premise for distinguishing CKD stage 3 into 2 separated groups 3A and 3B, as described earlier [21] .
Most of the biomarker candidates identified by us are present in high abundance in urine and had been reported previously either in direct connection with CKD, for example AZGP1, KNG1, APOD and E9KL23 were described in CKD 3A stage [22] , or were linked to CKD-associated diseases such as diabetes mellitus (AZGP1, KNG1, AMBP, HSPG2 and CD59) [23] or hypertension (KNG1) [24] . We also identified one differentially-expressed undescribed putative protein (Q8NEJ1) which appears to improve discrimination between early and later CKD stages. A BLAST search in human database (NCBI/ protein-protein BLAST) revealed this protein to have 82% homology for protein immunoglobulin lambda-like polypeptide 5 isoform 1 (NP 001171597.1).
In more detail, AZGP1glycoprotein, one of the crucial players and an adipocytokine, is involved in immune response. This differentiallyregulated protein was recently associated not only with kidney malfunction, for example normo-albuminuric diabetic nephropathy (reported differentially-abundant in non-albuminuric patients) [25] , but also with other diseases such as diabetes mellitus type 1 (significantly up-regulated in diabetic patients) [23] , diabetes mellitus type 2 (increased levels of AZGP1 in diabetic patients) [26] , urinary bladder cancer (increased levels in cancer patients) [27] , prostate cancer [28] and others, suggesting that this protein cannot be used as a single biomarker for a single disease but it might be useful in combination with other biomarkers, as suggested above, in a specific diagnostic pattern. The same lack of specificity for disease biomarkers can be found for all other biomarker candidates, such as KNG1, AMBP, APOD, HSPG2 and CD59 (Table 2) . KNG1, another crucial glycoprotein, is a protein involved in the renal kalikrein-kinin system [29] . Its reduction was described in ESKD and end-stage liver disease [30] . Very low levels of KNG1 were also observed in the urine of IgA nephropathy patients [31] . Of note, KNG1 was up-regulated in a study by Vivekanandan-Giri [22] in urine of CKD 3A stage patients when compared with healthy controls in a small dataset (6 controls and 6 CKD 3A patients). This is in direct contrast with our findings, where we observed lowered levels of KNG1 in all tested CKD stages when compared to controls. KNG1, together with CD59 were also suggested as diagnostic biomarkers for patients with ovarian carcinoma [32] .
Another key biomarker candidate, AMBP protein, belongs to the superfamily of lipocalin transport proteins [33] and may play a role in the regulation of inflammatory processes. Normal urine contains a very small amount of AMBP. AMBP was found to be over-represented in patients with type 1 diabetes mellitus in comparison with the control group [23] .Increased excretion of this protein was also linked to uropathy in a large study in 1998 [34] . Urinary AMBP expression was shown to significantly and steadily increase from CKD stage 1 to CKD stage 3 in 106 CKD patients [35] . In our study, a continuation of this trend in the later stages was not observed; our data showed higher fluctuation, however we were testing a much smaller dataset of patients. AMBP along with CD59 and APOD were also identified as prognostic candidates for acute kidney injury, all candidates showed increased expression [36] .
APOD glycoprotein, the fourth crucial biomarker candidate, also belongs to the superfamily of lipocalin transport proteins [33] . APOD is a typical apolipoprotein with broad tissue distribution. Its plasma levels were reduced in mice with visceral obesity and altered lipid metabolism [37] . APOD is also involved in the mechanisms regulating protection from oxidative stress, where loss of mouse APOD function increases the sensitivity to oxidative stress [38] . We also observed reduced expression of APOD in urine in the later stages of CKD (CKD 3B -4). On the other hand, we have observed a non-significantly increased level of APOD in patients with CKD stage 3A, which was in agreement with the observation of Vivekanandan-Giri's group [22] . Increased levels of APOD were also reported in critically-ill patients with non-recovery acute kidney injury [36] . The higher levels of APOD protein were reported in the failing heart and have been suggested as a biomarker in human end-stage heart failure [39] .
The aim of this study was to demonstrate how it is possible to decipher a combination of markers from a compendium of differentially-expressed proteins using available statistical tools when more than two study groups are involved. The multivariate approach is able to distinguish more populations based on certain set of markers (diagnostic profile) where each marker plays its own partial role [40] . What is more, usage of more defined diseased groups is less prone to suffer of potential mistakes of pilot experiments comparing only two experimental groups (e.g. healthy controls with one stage of a selected disease). For example, if the control group is of different age than one diseased group and we are looking for the markers of disease not age, the risk is quite high that we also detect "age markers" that would be undistinguishable from other "disease markers". On the other hand if we have more diseased groups, we have higher probability to recognize such a false marker and to remove it from analysis. It should be noted that such evaluations (multivariate data analysis) are more powerful on larger sample sets [41] , and because our own preliminary assumptions and calculations are based on only small number of samples, they should be verified on bigger, un-pooled datasets.
Conclusion
This preliminary work provides evidence that several unique urinary proteins are involved in early and later stages of CKD. The analyses are costly in work hours and resources, but we believe the costbenefit is strong, in that discovery of new urinary biomarkers for CKD may eventually allow identification of people who are predisposed to develop CKD and also the progress with the disease. We propose that a selected combination of biomarkers could give a profile that leads to the desired separation of patients into different CKD stages. The suggested profile comprises of four proteins AMBP, APOD, AZGP1 and KNG1. Our preliminary assumptions and calculations are aimed to be verified on bigger, un-pooled datasets.
